A radiomic signature as a non-invasive predictor of progression-free survival in patients with lower-grade gliomas. Ynicl (2018),
Introduction
Gliomas are the most common and fatal primary tumors in the central nervous system (Nuno et al., 2013) . Lower-grade gliomas (LGGs), referring to the World Health Organization (WHO) grade II and III gliomas, account for approximately 43.2% of gliomas (Cancer Genome Atlas Research et al., 2015; Jiang et al., 2016) . The variable biological behaviors of LGGs result in a wide range of progression-free survival (PFS) times. Accurate prediction of PFS can provide crucial information regarding treatment of gliomas in clinical practice. More specific imaging examinations would be indicated for patients at high risk for tumor progression. Furthermore, identification of a poor PFS helps to determine whether more aggressive treatment should be administered (Zhang et al., 2017) .
Magnetic resonance imaging can provide more comprehensive information about tumor heterogeneity than focal tissue samples, and the emerging field of radiomics holds great potential for facilitating better clinical decision-making (Gillies et al., 2016) . Radiomics refers to the conversion of digital medical images into mineable high-dimensional data, and its potential application in clinical practice has attracted much attention in recent years. Radiomic analysis has been used to predict the diagnosis, prognosis, response to treatment, and underlying genomic patterns in several types of cancer (Huang et al., 2016; Kickingereder et al., 2016a; Kickingereder et al., 2016b; Li et al., 2016a; Yamamoto et al., 2014) . However, whether or not radiomic features have value in prediction of PFS in patients with
LGGs is still unclear.
The aim of this study was to develop a novel approach to preoperative, non-invasive, and individualized assessment of PFS in patients with LGGs. We further developed a practical nomogram that incorporated the radiomic signature and other clinicopathologic characteristics for prediction of PFS in patients with LGGs and investigated the biological processes underlying this radiomic signature.
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Material and Methods

Patients
This study was approved and reviewed by the institutional review board of our Hospital. Two hundred and sixteen patients were enrolled from the CGGA database (Kinoshita et al., 2016; Ricard et al., 2007; Wang et al., 2015) . We did not use the T1-weighted or contrast enhancement images since it was difficult to identify the tumor borders of LGGs on these sequences. Tumors were segmented on T2-weighted images by two neuroradiologists (XC, JM) using MRIcron software (http://www.mccauslandcenter.sc.edu/mricro). Both neuroradiologists had more than 15 years of experience in neuroradiology and were blinded to the clinical data.
Abnormal hyperintense signals on the T2-weighted MR images were identified as tumor regions and signals from cerebrospinal fluid were excluded. A third senior neuroradiologist (SL) with more than 20 years of clinical experience in interpretation of brain MRI subsequently re-evaluated the segmented lesions and made the final
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2.3.Extraction of radiomic features
First, normalization (z-score transformation) of image intensity was performed on the whole brain image to transform arbitrary MRI signal intensity values into standardized intensity ranges, thereby avoiding heterogeneity bias. Next, quantitative radiomic features were extracted using the automated approach reported in a previous study which provided a detailed description of each feature in its supplementary material (Aerts et al., 2014) . Four hundred and thirty-one radiomic features were extracted for each patient and divided into four groups: (a) group 1, first-order statistics (n = 14) that quantitatively described the distribution of the signal intensity of the images; (b) group 2, shape-and size-based features (n = 8) that quantified the shape and size of the tumor; (c) group 3, textural features (n = 33) that were calculated from the gray-level run-length and co-occurrence matrix in addition to reflecting intratumoral heterogeneity; and (d) group 4, wavelet features (n = 376) that were derived from the features in groups 1 and 3 by wavelet decomposition. The radiomic features were extracted using MATLAB 2014a software (MathWorks, Natick, MA, USA) and are presented in Supplementary Table 1 .
2.4.Molecular analysis and whole-genome gene profiling
Isocitrate dehydrogenase (IDH) mutations were detected by pyrosequencing in the CGGA training cohort (Zhang et al., 2014) and the molecular profiles (Ceccarelli et al., 2016) of patients in the validation cohort were collected from the TCGA database.
Microarray analysis was performed for 47 patients in the training cohort using the Agilent Whole Human Genome Array (Agilent Technologies Inc., Santa Barbara, CA, USA) in accordance with the manufacturer's protocol (Yan et al., 2012) . The integrity of total RNA was examined using a 2100 Bioanalyzer (Agilent). Biotinylated cRNA and cDNA were synthesized and hybridized to the array. The data were obtained using the Agilent Feature Extraction Software (version 9.1) and the Agilent G2565BA Microarray Scanner System. Probe intensities were normalized using GeneSpring GX
ACCEPTED MANUSCRIPT
A C C E P T E D M A N U S C R I P T 6 11.0.
2.5.Construction and validation of the radiomic signature
Univariate Cox regression was performed to screen for prognostic radiomic features in the training cohort. P < 0.05 was deemed to be statistically significant. Based on hierarchical clustering, the association between these prognostic features and PFS was represented using a heat map (the radiomic features were normalized by z-score transformation only when the heat map was delineated). Subsequently, the least absolute shrinkage and selection operator (LASSO) Cox regression model was applied to the screened prognostic features to further select the most useful prognostic radiomic features. These features were then integrated into a radiomic signature, and an individualized risk score was calculated from a linear combination of the selected features weighted by their respective coefficients (β):
The patients in the training and validation cohorts were then classified into low-risk and high-risk groups according to a fixed cutoff value. The relationship between the radiomic risk score and PFS was evaluated in the training cohort and then tested in the validation cohort using Kaplan-Meier survival and Cox regression analyses. Finally, the prognostic significance of the radiomic signature was assessed by Kaplan-Meier survival analysis in subgroups of the training cohort. Patients were divided into subgroups according to IDH status (wild-type vs. mutant), age (younger than 40 years vs. 40 years or older), sex (male vs. female), tumor grade (WHO II vs.
WHO III), seizure (non-seizure vs. seizure), and presence of oligodendroglioma component (oligocomponent vs. astrocytomas).
2.6.Construction of an individualized PFS prediction model
A nomogram was established as an individualized PFS prediction model in the training cohort. The final selection of the model for the nomogram was conducted using a backward step-down selection process based on the Akaike information
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A C C E P T E D M A N U S C R I P T 7 criterion (Li et al., 2016b) . The prognostic performance of the nomogram was estimated in the training cohort and then tested in the validation cohort. The concordance index (C-index), which is often used to assess the discriminative ability of prognostic models in survival analysis, was used as a quantitative measurement of the performance of the nomogram. Calibration curves were constructed to compare the probability values determined by the nomogram with the observed survival fractions.
2.7.Radiogenomic analysis
Transcriptome data for 47 patients in the CGGA cohort were used for the radiogenomic analysis. The Pearson correlation algorithm was used to screen genes for their association with the radiomic signature; the association was considered to be statistically significant when the absolute value of Pearson correlation coefficient was > 0.4 and the P-value was < 0.05. Gene ontology (GO) analysis was performed to investigate the underlying biological processes of the radiomic signature based on DAVID Bioinformatics Resources (http://david.ncifcrf.gov/). The top 200 positive/negative genes that were significantly associated with each feature in the radiomic signature (the absolute value of Pearson correlation coefficient > 0.4 and P < 0.05) were subjected to GO analysis to reveal the underlying biological processes involved in each feature. The radiogenomic analysis was also performed in the validation cohort (84 patients). The processing code for the generation of radiomic risk score and nomogram were provided in the supplementary material. Differences in clinicopathologic
2.8.Statistical analysis
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8 characteristics between the low-risk and high-risk groups were evaluated using the chi-square test. All statistical tests were two-sided, and P < 0.05 was considered to be statistically significant.
Results
Radiomic signature construction and validation
Forty-five prognostic features were screened from 431 radiomic features by univariate Cox regression. The radiomic heat map allowed visualization of the association between these 45 radiomic features and PFS in patients in the training cohort ( Fig. 1 ).
Nine features of the 45 radiomic features were further selected using the LASSO Cox regression model (Fig. 2) . Detailed descriptions and coefficients of the 9 features are listed in Supplementary Table 3 . A radiomics signature was constructed using these 9
features, and the risk score was calculated by the linear combination of selected With using the third quartile value as a fixed cutoff value, PFS was significantly stratified by the radiomic risk score in both the training ( Fig. 3A , P < 0.0001) and the validation ( Fig. 3B , P = 0.0233) cohorts. In multivariable Cox analysis, the radiomic risk score was found to be an independent prognostic factor for PFS in both the training (P < 0.001) and the validation (P = 0.045) cohorts (Table 2 and Supplementary Table 3 ). Finally, the radiomic risk score was found to be associated with PFS in all subgroups in the training cohort ( Supplementary Fig. 1 ).
3.2.Clinicopathologic characteristics
Two hundred and sixteen patients were included in the training cohort. There was no
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A C C E P T E D M A N U S C R I P T 9 significant difference between the low-risk and high-risk groups with regard to age, sex, histology, whether or not seizure was present, or resection status. However, there were significant differences in WHO grade (P < 0.001) and IDH status (P = 0.001) between the two groups (Table 1) . Eighty-four further cases were enrolled in the validation cohort, and no significant difference was found in age, sex, seizure history (not available for only 2 patients), WHO grade, or IDH status between the low -and high-risk groups. There was a significant difference in histology between the two groups (P = 0.046; Supplementary Table 2 ).
3.3.Construction of an individualized PFS prediction model
Based on the Akaike information criterion, WHO grade, age, seizure, IDH status, and radiomic risk score were selected and integrated into a nomogram (Fig. 4A ). The radiomic nomogram yielded a C-index value of 0.684 in the training cohort and 0.823
in the validation cohort. The radiomic nomogram also showed good calibration in both the training and validation cohorts ( Fig. 4B and 4C ). As the radiomic risk score was removed from the nomogram, the C-index reduced to 0.668 and 0.815 in the training and in the validation cohort respectively.
3.4.Radiogenomic analysis
The transcriptomic profiles of 47 patients in the CGGA cohort were analyzed to explore the genetic background of the radiomic signature. A heat map was constructed to illustrate the associations between the radiomic risk score, gene expression level, and clinicopathologic characteristics (Fig. 5A ). Further GO analysis revealed significant associations of the radiomic risk score with biological processes, including the immune response, programmed cell death, NF-kappaB signaling, and vasculature development (Fig. 5B ). Radiogenomic analysis in the TCGA cohort revealed that some of the processes positively associated with high-risk score exist both in the CGGA and TCGA cohorts, such as immune response, NF-kappaB signaling, and angiogenesis ( Supplementary Fig. 2) . To reveal the underlying malignant biological processes of each feature in the radiomic signature, we analyzed the negatively
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Discussion
In this study, many radiomic features were extracted from T2-weighted MR images and a radiomic signature was identified as an approach for stratifying patients into low-risk and high-risk groups. These two groups had significantly different PFS in both the training and validation cohorts. Subsequently, the radiomic signature was integrated into a nomogram along with clinicopathologic characteristics, and an effective tool was constructed for individualized assessment o f PFS in patients with
LGGs. Moreover, subsequent radiogenomic analysis revealed that the radiomic signature was associated with biological processes, including the immune response, programmed cell death, cell proliferation, and vasculature development.
Previous studies have revealed that PFS can be predicted by several conventional observable MRI features (e.g., tumor contrast enhancement pattern, (Wang et al., 2016a ) peritumoral edema , and tumor location (Wang et al., 2017) ) in certain subgroups of glioma. Additionally, a series of correlations has been found between PFS in patients with gliomas and voxel-based imaging features, such as the maximum relative cerebral blood volume value (Bisdas et al., 2009) building decision-support models based on high-throughput quantitative features extracted from medical images (Gillies et al., 2016) . Radiomics-based PFS-predictive models have been reported for early-stage non-small cell lung cancer (Huang et al., 2016) and advanced nasopharyngeal carcinoma (Zhang et al., 2017) , indicating the feasibility of predicting PFS in patients with LGGs by radiomic analysis.
In the current study, 45 of 431 radiomic features were screened by univariate Cox regression analysis, and 9 features that were strongly associated with PFS were further selected from these 45 radiomic features based on the LASSO Cox regression model. The radiomic signature constructed using these 9 features revealed adequate discrimination both in the training (P < 0.0001, log-rank test) and validation (P = 0.0233, log-rank test) cohorts. Intriguingly, most of the 9 prognostic features in the signature were also demonstrated to be able to capture prognostic information in previous studies. For example, it was reported that low Kurtosis and high Uniformity were related to poor outcomes (defined by a shorter time to progression) in patients with primary colorectal cancer (Ng et al., 2013) , which is similar to our findings.
Specifically, this phenomenon could be biologically interpreted using our radiogenomic analysis because Kurtosis was negatively associated with malignant biological processes, such as positive regulation of cell division and positive regulation of transcription ( Supplementary Fig. 3D ), while Uniformity was positively associated with mitotic nuclear division and nucleoso me assembly ( Supplementary   Fig. 4D ). Another study revealed Sum Variance and Correlation to be two of the most predictive features in differentiating long-term and short-term survival in patients with glioblastoma (Prasanna et al., 2016) . Furthermore, the feature Median was found to be associated with PFS in patients with advanced nasopharyngeal carcinoma (Zhang et al., 2017) .
In the context of precision medicine, an individualized PFS prediction model that can guide therapeutic strategies is essential. A nomogram is an approach that enables neuro-oncologists to estimate patient survival based on their clinical and biological profiles, which is an advance towards patient-tailored treatment in the changing
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12 landscape of neuro-oncology (Bredel, 2008) . In the current study, a nomogram that integrates radiomics and clinicopathologic information was established for evaluation of PFS in patients with LGGs for the first time. Favorable results were achieved in two independent datasets (CGGA, C-index 0.684; TCGA, C-index 0.823), indicating that the nomogram is robust and potentially applicable in clinical practice.
Further radiogenomic analysis in our study suggested that the radiomic approach could potentially reflect biological processes and guide treatment for patients with
LGGs. For example, the radiomic risk score was found to be positively correlated with certain malignant tumor processes, such as cell proliferation, cell adhesion, and vasculature development. Therefore, more aggressive therapeutic strategies are suggested for patients with high radiomic risk scores. Further, drugs that target the immune system, development of blood vessels, or the nuclear factor kappa B pathway might be helpful for patients with high radiomic risk scores. Although the hypotheses outlined above are preliminary and need to be prospectively evaluated in future studies, our present findings provide an approach for integrating imaging features, clinical characteristics, and genetic information to aid in clinical decision-making with regard to the management of LGGs.
The main limitation of this study is its retrospective design. The imaging protocols used were not fully consistent in that the imaging data were acquired by different MRI scanners in different centers. However, all the imaging data were normalized before extraction of features to reduce bias. Previous studies have already documented the robustness of extraction of radiomic features in terms of repeatability and reproducibility in test/re-test settings (Aerts et al., 2014; Balagurunathan et al., 2014; Fried et al., 2014; Grove et al., 2015; Leijenaar et al., 2013; Parmar et al., 2015) .
We expect that the performance of the radiomic signature will be further improved by more standardization of imaging data. Additionally, the biological processes underlying the radiomic signature and its components need to be validated in the future by prospectively designed studies.
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In conclusion, the present study developed a radiomic signature as a non-invasive approach for preoperative evaluation of PFS in patients with LGGs. A radiomics-based nomogram and subsequent radiogenomic analysis could be useful in precision medicine and improve the therapeutic strategies used in patients with
LGGs.
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A C C E P T E D M A N U S C R I P T 28 Highlights • We developed a non-invasive model for the prediction of PFS in patients with lower-grade gliomas.
• We further revealed the biological processes underlying the radiomic signature by using comprehensive radiogenomic analysis.
• PFS of lower-grade gliomas could be predicted effectively based on the radiomics model. 
